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IntroductIon
The prevalence of obesity and overweight among children and 
adolescents in the United States increased significantly from 
the late 1970s to 2000 (1), and it has plateaued since 2000 (2). 
Researchers have identified several family-related risk factors 
for children’s weight problems, including low income (3,4), 
stress for parents (5,6), and nonauthoritative parenting styles 
(7–9). A better understanding of more distal determinants 
of childhood obesity, particularly the social determinant of 
divorces and separations (family disruptions), could lead to the 
earlier detection of children most at risk of becoming obese.
A few articles have found that children from single-parent 
families have higher BMI than children from intact families 
(3,10–14). Yet, other studies found no correlation between the 
family structure and children’s weight (15–17). More recently, 
being able to identify a divorce rather than just a single-
 parent family, Yannakoulia et al. (14) found that children from 
divorced families have 6% higher BMI than children from 
intact families. They also examined eating habits, activity lev-
els, and sedentary behavior. The only significant difference they 
found among those outcomes is that children from divorced 
families were more likely to have less structured eating habits 
(e.g.,  eating for reasons other than hunger).
Yannakoulia et al. (14) indicated that a limitation of their 
study is the possibility that unobserved confounders are 
producing the estimated correlation. That is, because divorces 
are not randomly assigned, there are likely unobserved dif-
ferences between families experiencing a divorce and those 
remaining intact. It is those differences that could lead to 
the higher BMI for children from divorced families. Thus, 
Yannakoulia et al. claimed that they cannot conclude that the 
higher BMI for children from divorced families was due to the 
divorce. Rather, the divorce may be a marker for certain traits 
in families that could contribute to children’s weight problems, 
such as stress for parents (5,6,18). Yannakoulia et al. further 
called for longitudinal studies to examine the cause–effect 
relationship. Such a model, if designed well, could eliminate or 
reduce the influence of these family-specific factors.
In this study, longitudinal data are used to examine the tem-
poral relationship between family disruptions (i.e., divorces and 
separations) and children’s BMI and risk of being overweight 
and obese. This study develops a longitudinal, fixed- effects 
model. With multiple observations per person, the model 
can test how children’s weight changes in the few years lead-
ing up to the disruption, in the few years after the  disruption, 
and as time passes from the disruption. While causality can-
not be definitively established, this longitudinal analysis plan 
should produce a more accurate estimate of how disruptions 
affect children’s weight and whether any effects are temporary 
or persist as time passes from the disruption.
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This research examines whether family disruptions (i.e., divorces and separation) contribute to children’s weight 
problems. The sample consists of 7,299 observations for 2,333 children, aged 5–14, over the 1986–2006 period, from 
a US representative sample from the Child and Young Adult Survey accompanying the National Longitudinal Survey of 
Youth (NLSY). The study uses individual-fixed-effects models in a longitudinal framework to compare children’s BMI 
and weight problems before and after a disruption. Furthermore, besides doing a before–after comparison for children, 
the study also estimates the effects at various periods relative to the disruption in order to examine whether children 
are affected before the disruption and whether any effects change as time passes from the disruption, as some effects 
may be temporary or slow to develop. Despite having a larger sample than the previous studies, the results provide 
no evidence that, on average, children’s BMI and BMI percentile scores (measured with continuous outcomes) are 
affected before the disruption, after the disruption, and as time passes from the disruption, relative to a baseline 
period a few years before the disruption. However, children experiencing a family disruption do have an increased risk 
of obesity (having a BMI percentile score of 95 or higher) in the two years leading up to the disruption as well as after 
the disruption, and as time passes from the disruption.
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Methods and Procedures
conceptual framework
A family disruption could affect children’s weight through several poten-
tial mechanisms. First, a disruption would likely increase the household 
responsibilities for a single parent, as the parent would typically have 
to prepare meals, maintain the household, put children to bed, and 
do laundry herself or himself rather than sharing these responsibili-
ties with another parent. With less time on their hands, single parents 
would have less time to supervise the children for outdoor activities, 
as is the case for mothers who work outside of the home (19). Along 
these lines, McLanahan (20) finds that TV viewing is higher for chil-
dren from divorced families, and TV viewing is a risk factor for being 
overweight (5,21,22).
Another mechanism comes through how a family disruption affects 
family income. Relative family income, on average, is lower with a dis-
ruption (23). Some evidence suggests that this could lead to more weight 
problems, as research has shown that children from lower-income fami-
lies are at higher risk of being overweight (3,4).
The process of a marital disruption also causes stress for the couple 
both before and after the disruption (18). Parental stress has been found 
to cause higher BMI and overweight risk in children (5). One possi-
ble reason why parental stress could cause children’s weight problems 
could be through an effect on parenting style. Evidence shows that a 
divorce could affect parenting styles (7–9). Parenting style, in turn, could 
affect children’s weight problems. In particular, studies have shown that 
authoritarian, permissive, and neglectful parenting styles (compared with 
authoritative styles) are associated with a greater likelihood of children 
being overweight (24,25).
One other possible mechanism is that a disruption involves a series 
of stressful events for children that could cause depression and other 
emotional problems (26). For example, the conflict leading up to a dis-
ruption could lead to depression and problem behaviors among children 
(27,28). Furthermore, the family disruption and subsequent marriages 
and disruptions for the parents could cause depression and behavioral 
problems among children and adolescents (29,30). And, a few studies 
found that behavioral problems, psychosocial problems, and depression 
are associated with higher risks of becoming overweight (15,17,31–33). 
This mechanism suggests that children’s weight could be affected before 
the disruption occurs, which has been found for other outcomes (34).
In sum, there are several mechanisms that could cause a family disrup-
tion to affect children’s weight. These mechanisms suggest that a disrup-
tion, if anything, would lead to weight gain for children.
data
This study merged data from the National Longitudinal Survey of 
Youth from 1979 (NLSY-79) and the Child and Young Adult Survey 
(CYAS) supplement to the NLSY-79. The NLSY-79 started with 12,686 
individuals in the United States, aged 14–22 in 1979, and interviewed 
them annually up to 1994 and then biannually since then. The NLSY 
oversampled minorities and low-income whites (35). However, with 
sampling weights, the sample is nationally representative. The primary 
objective of the NLSY-79 was to examine how people make the transi-
tion from school and living with their parents to adulthood and the 
labor market.
The CYAS consists of the children of the female respondents from 
the NLSY-79. The children assessments have been conducted every 2 
years, starting in 1986. As of the 2006 round of the survey, there were 
11,469 individuals in the Child Supplement for 4,924 mothers from the 
NLSY-79. Of these children, 4,279 were born to mothers who reported 
having been divorced or separated after they were born and before the 
2006 NLSY survey interview. While these data have been used for numer-
ous studies on the effects of divorce on children (36,37), one drawback to 
these data is that, starting in 1988, the sample has excluded children of 
divorces in which the father gets sole custody. It is not possible to identify 
how many children fall out of the sample for this reason, as opposed to 
those who fell out for other reasons.
The information on family disruptions comes from questions asked 
in every round of the NLSY-79: “Since (date of last interview), what was 
the (first/second/etc.) change in your marital status?” In addition, the 
respondents are asked for the year and month of the change in marital 
status. A child may be subject to multiple divorces or separations in his/
her childhood. To be consistent across all children, this analysis uses the 
first divorce or separation to occur after the child was born. Separations 
from a military deployment are not considered a family disruption since 
they are not due to a change in marital status. Furthermore, the death of 
a parent is not included in family disruptions, despite being a change in 
marital status, because this analysis focuses on the divorce and separa-
tion process. The date of the disruption is noted, and then calculations 
are made for the time relative to that disruption for all observations for 
a given child. For example, the May 1998 observation for a child whose 
parents separated in January 1993 would be counted as being 5 years 
after the disruption.
There are four outcomes for children’s weight, starting with the actual 
BMI. While the BMI is considered more appropriate for describing 
changes over time (38,39), the analysis also includes an outcome of the 
percentile based on the BMI distribution. Because the BMI distribution 
is different across gender and age, the analysis uses a within-gender per-
centile of an age-adjusted standardized score for the respondent’s place 
in the BMI distribution (40). The other weight measures are whether 
the child is overweight and obese, which are being above the 85th and 
95th percentiles, respectively. The “overweight” classification is often 
considered between the 85th and 95th percentiles, with those above the 
95th percentile being “obese.” Here, for the “overweight” analysis, anyone 
above the 85th percentile is considered “overweight” so the obese children 
would not be grouped with the nonoverweight children. While the BMI 
and BMI percentile outcomes analyze movement throughout the BMI 
distribution, the overweight and obese outcomes analyze transitions into 
and out of the upper end of the BMI distribution, the dangerous area 
for children.
For the purpose of excluding likely erroneous data, as discussed below, 
an observation is considered an “extreme outlier” if (i) the reported height 
was less than a minimum height, defined as 29 inches for 5-year-olds 
and increasing by 2 inches for every year after that—these are roughly 
3 inches below the 5th percentiles for each age; (ii) the reported weight 
was less than 28 pounds for 5-year-olds and increasing by 2 pounds for 
every year after that. There are no maximum restrictions for height and 
weight, as there were not obvious reporting errors as there were for the 
minimums (percentiles were determined from http://pediatrics.about.
com/cs/growthcharts2/l/bl_growthcharts.htm.).
sample
The sample is based on all available observations from each of the 11 
waves of the CYAS (1986–2006) for which the child was between 5 and 
14 years old. The sample has age 14 as the maximum because the CYAS 
typically follows children just through age 14. The sample uses age 5 
as the minimum to allow for more weight variation over time. Of the 
4,279 children whose mother reported she had been divorced or sepa-
rated between the child’s birth and the 2006 survey, 3,937 of them were 
observed at least once between ages 5 and 14 years old. For these 3,937 
children, there are 14,669 observations, for which they were in this age 
group. After eliminating 679 (4.6%) of the observations that had no 
height or weight information and another 33 observations (0.2%) for 
an extreme height or weight, the sample is reduced to 13,957. Of these, 
the analyses use the 8,246 (59%) observations that had the child’s height 
and weight measured by the interviewer, as opposed to the child or 
mother reporting it. Finally, individuals who have just one observation 
are automatically dropped from fixed-effects models (which are used in 
this analysis), and this reduces the final sample to 7,299 observations 
for 2,333 children.
Because the NLSY oversampled minorities, along with low-income 
whites, sample weights are used for the analysis. The sample weights are 
the panel-customized weights provided in the survey for the children 
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divided by the number of observations each child has in the final sample. 
The weighted sample is 49% male, 20% black, and 10% Hispanic, while 
the unweighted sample is 49% male, 33% black, and 25% Hispanic.
regression model
The goal of the regression model is to estimate how a family disrup-
tion affects children’s weight measures. Because the interest lies in the 
total effect of the disruption process, the model should exclude factors 
that represent potential mechanisms or mediating factors. The model 
uses a fixed-effects model to account for unobserved differences across 
families and children. The initial model describing children’s weight is 
as follows:
where Yit is the weight-related outcome for child i in period t, Xi is a 
vector of factors that stay constant over time (including personal and 
family characteristics), Zit is a vector of such characteristics that vary 
over time, and Dit is a vector of variables representing the timing rela-
tive to the parents’ marital disruption. These variables in D represent 
the primary independent variables in the analysis and are explained in 
more detail below.
Theoretically, the X vector (i.e., variables that affect weight for chil-
dren that are generally constant over time) should include demographic 
characteristics (e.g., gender and race/ethnicity) and family characteris-
tics (such as parents’ ages at marriage), as were used in previous studies 
on the association between divorce and children’s weight (13,15–17). 
These variables in the X vector, however, are captured by the individual 
fixed effects and fall out of the model because they do not vary over 
time. Thus, the only variables included in the model are those that vary 
over time, which are those variables in the Z vector. The time-varying 
variables that could potentially affect children’s weight include the age of 
the child, family income, and parents’ weight. However, family income 
could be affected by the disruption (23) and could affect children’s weight. 
Furthermore, any mechanism from the disruption that affects parents’ 
weight could also affect children’s weight. Thus, controlling for family 
income and parents’ weight could cause the model to estimate partial 
effects rather than total effects of the disruption process on children’s 
weight. The child’s age remains the only factor that is included in the Z 
vector. The model becomes:
where ηi is the fixed effect for individual i. This fixed effect incor-
porates all factors for the child (and family) that do not change across 
the child’s observations every two years. To represent age, the model 
includes a set of indicator variables for each year of age between 6 and 
14, with age 5 being the reference group.
The primary independent variables, in D, will vary in two types of 
models. In Model A, only a variable for whether the observation is post-
disruption will be included. This is essentially a before–after comparison. 
But, under certain circumstances, this could fail to  capture any effects of 
the disruption. If children already had higher BMI before the disruption 
occurs (perhaps in response to the conflict), then there would be less of a 
difference between the pre- and postdisruption measures. Furthermore, 
if any postdisruption changes were to emerge slowly over time, then the 
postdisruption estimated changes would be understated in magnitude. 
To address these concerns, in Model B, a series of variables representing 
the time relative to the disruption are used. These include 2-or-more 
years prior to the disruption (the baseline reference period), 0–2 years 
prior to the disruption (i.e., 0.0–2.0 years prior to the disruption), 0–2 
years after the disruption, 2–6 years after the disruption, and 6-or-more 
years after the disruption. The last two periods are made larger in order 
to increase the sample size to improve the precision of the estimates. 
By establishing a baseline period a few years before the disruption, this 
addresses the problem that children may have already had higher BMI 
in the few years leading up to the disruption.
As an example of how these variables are measured, suppose that a 
child is observed at ages 6, 8, 10, 12, and 14 and that he is age 9 when his 
parents separate. The first observation, at age 6, would be 3 years before 
the disruption and in the “2-or-more years prior to the disruption” cat-
egory. At age 14, he would be five years after the disruption and in the 
“2–6 years after the disruption category.”
Table 1 shows the distribution of the 7,299 observations across the 
baseline and other disruption-timing periods and the mean BMI and 
percentage of respondents who are overweight and obese in each period. 
There are 1,874 observations in the baseline period and at least 737 in 
the other periods. The average BMI, BMI percentile, and percentages 
who are overweight and obese are higher in each period relative to the 
reference period. However, without a regression model, it is not possible 
to separate the effect of the disruption from any age effect there might be 
or differences across families.
In the fixed-effects model, the estimates represent average, cumulative, 
within-person, period-to-period changes for those who are observed in 
two periods. That is, for those children with observations in the baseline 
period and the period “0–2 years prior to the disruption,” the estimated 
change is the average within-person difference between the two periods, 
holding age constant. The estimated change of the next period, “0–2 years 
after the disruption,” will be the cumulative of prior estimated changes 
(in this case, just one period’s change) plus the average within-person 
difference between the two periods for those children with observa-
tions in both periods, again holding age constant. With this method, it is 
not necessary that all children are observed in the baseline period. The 
fixed-effects model controls for unobserved differences across families, 
thereby avoiding the problem of previous studies of comparing children 
from families that have a disruption to children from families that remain 
intact. These unobserved differences between intact and nonintact fami-
lies could include, for example, the parents being under stress or one of 
the parents being alcoholic (18,41). These could both lead to an increased 
likelihood of a disruption while affecting children’s weight through some 
mechanism unrelated to the disruption (e.g., by leading to children’s 
depression or not overseeing children’s physical activities).
table 1 the number of observations and weighted mean values for outcomes, by disruption-timing period
Disruption-timing period
Number of 
observations Mean BMI Mean BMI percentile




2-or-more years before the 
disruption (reference group)
1,874 17.43 52.8 23.1  9.5
0–2 years before the disruption 900 18.03 58.1 28.8 12.8
0–2 years after the disruption 737 17.75 56.1 26.1 12.6
2–6 years after the disruption 1,736 17.77 56.0 26.1 12.0
6–12 years after the disruption 2,052 19.74 62.0 32.8 14.4
Total 7,299 18.31 57.3 27.8 12.3
The means and percentages are weighted statistics. The corresponding unweighted statistics for the total 7,299 observations are 18.38, 56.6, 27.2%, and 13.0%, 
respectively.
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To maintain congruence between the models, fixed-effects linear 
models are used for each outcome, including for the dichotomous “over-
weight” and “obese” outcomes. Fixed-effects logit models are often used 
when the outcome is dichotomous. However, the fixed-effect logit model 
only retains individuals for whom there is a change over time in the 
outcome. This reduces the sample by a significant amount, making it less 
comparable with the model for the BMI percentile. There could be regres-
sion problems by using linear models for these dichotomous outcomes, 
but it is typically less of a problem when the predicted probabilities are 
far from zero or one, which is the case in these models.
There are a few important points in this analysis, which follow from 
Aughinbaugh et al. (37), which is one of the more carefully conducted 
studies on how parents marital disruptions affect children. First, the mod-
els aim to estimate the impact of the end of the parents’ marriage, marked 
by a reported divorce or separation, whichever comes first. Second, the 
model aims to estimate the total effect of the first divorce or separation the 
child experiences, and part of this total effect would include the effects 
of further marital formations and disruptions among the parents. Third, 
as mentioned earlier, and related to the second point, because the model 
aims to estimate the total effect, the model excludes variables for mecha-
nisms (such as parents’ income or changes in the parents’ future marital 
status and changes). Thus, the estimates represent the average experience 
for children who live through a family disruption. Fourth, because the 
model uses fixed effects, only children whose parents divorce or separate 
are included in the model. Thus, the estimates represent the “average 
treatment effect for the treated,” as described in Heckman et al. (42). That 
is, these are the average changes for children experiencing a divorce or 
separation (the “treated”), as it would be impossible to determine the 
effect for a child randomly assigned a parental divorce or separation.
results
Table 2 shows the results for Model A for the four outcomes, 
using the “postdisruption” variable as the primary explanatory 
variable (representing vector D in equation (2)). The coefficient 
estimates in the first and second models are 0.097 and 1.357—
that is, on average, children have about 0.1 higher BMI and are 
about 1.4 units of a percentile score higher after the disruption 
than before the disruption. However, these estimates are statisti-
cally insignificant. In the third and fourth models for whether the 
child is overweight and obese, again the coefficient estimates are 
insignificant. For all models, the generally increasing coefficient 
estimates for older ages indicate that older children have higher 
BMI and are more likely to be obese and overweight.
Table 3 shows the results from Model B for the four out-
comes, with the inclusion of the full set of disruption-timing 
variables (for vector D in equation (2)) and a baseline period 
that is 2-or-more years prior to the disruption. In the models 
for BMI and the BMI percentile, none of the estimates on the 
disruption-timing variables are statistically significant. In the 
model for whether the child is overweight, just the estimate on 
the variable “6-or-more years after the disruption” is statisti-
cally significant, indicating that children are more likely to be 
overweight at that time relative to what they would have been 
in the baseline period by about 10 percentage points (P < 0.05). 
In the model for whether the child is obese, the results are dif-
ferent. In the 2 years leading up to the disruption, children are 
4.1-percentage-points more likely to be obese than more than 
two years before the disruption (P < 0.05). The higher risk 
of obesity persists in the periods “0–2 years after the disrup-
tion” (P < 0.01) and “2–6 years after the disruption” (P < 0.10). 
Furthermore, even at “6-or-more years after the disruption,” 
children are an estimated 8.3-percentage-points more likely to 
be obese than in the baseline period (P < 0.01). As in Table 2, 
older children have higher BMI and BMI percentiles and are 
more likely to be overweight and obese.
dIscussIon
A few studies have found that a marital disruption is associated 
with higher weight for children (3,10–14). However, the higher 
weight for children in nonintact families may be due to unob-
served differences between intact and nonintact families that 
could contribute both to the probability of a marital disruption 
and weight problems for children.
table 2 Model a coefficient estimates in the fixed-effects models (based on equation (2)) for the effects of being after the 
disruption on the weight outcomes (n = 7,299)
BMI BMI percentile Whether overweight Whether obese
Timing of disruption
 Postdisruption 0.097 (0.192) 1.357 (1.727) 0.017 (0.025) 0.003 (0.018)
Age variables
 Age 5 (reference group)
 Age 6 0.597b (0.247) 5.482b (2.650) 0.082b (0.036) 0.016 (0.023)
 Age 7 0.990a (0.175) 4.110c (2.287) 0.039 (0.025) 0.006 (0.020)
 Age 8 2.089a (0.244) 10.819a (2.659) 0.154a (0.035) 0.036 (0.023)
 Age 9 2.660a (0.201) 9.947a (2.227) 0.097a (0.028) 0.039c (0.022)
 Age 10 3.973a (0.243) 15.055a (2.585) 0.178a (0.034) 0.068a (0.023)
 Age 11 4.448a (0.231) 13.893a (2.374) 0.143a (0.031) 0.047b (0.023)
 Age 12 5.771a (0.260) 17.706a (2.634) 0.201a (0.034) 0.083a (0.023)
 Age 13 6.251a (0.258) 16.383a (2.384) 0.132a (0.032) 0.082a (0.026)
 Age 14 7.210a (0.304) 19.182a (3.019) 0.228a (0.049) 0.073a (0.027)
 Intercept 15.209a (0.180) 45.596a (2.046) 0.145a (0.024) 0.081a (0.017)
a–cindicate statistical significance at the 1, 5, and 10% levels.
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The current study improves upon the previous studies by 
using a longitudinal framework to control for individual-
specific fixed effects (and effectively, unobserved differences 
across families). Thus, we can observe what children’s BMI is in 
the years leading up to a family disruption, right after the dis-
ruption, and years after the disruption, relative to what it was 
in a baseline period years before the disruption. With these 
new methods, the results indicate that, on average, children 
experiencing a disruption do not have significant changes in 
the continuous outcomes of BMI and BMI percentile through 
the disruption process or as time passes from the disruption. 
However, children are significantly more likely to move into 
the “obese” range in the few years prior to the disruption, and 
they remain at a significantly higher likelihood of being obese 
as time passes from the disruption.
This model, thus, makes two primary contributions to the 
literature. First, the analysis, while not definitively causal, gets 
closer to having the estimates represent causality because it 
controls for individual- and family-specific unobserved dif-
ferences (with the fixed effects). Second, rather than just a 
divorced vs. not-divorced (or intact vs. nonintact) comparison, 
the study considers children at different stages relative to the 
divorce or separation.
One strength of this analysis is the use of longitudinal data 
to track the same children over time. Another strength is that 
the data provide a large, nationally representative sample for 
the United States, with children’s height and weight measured 
by an interviewer rather than being self-reported. In addition, 
an important strength is that the analysis establishes a baseline 
that is well before the disruption. The importance of this is 
highlighted by the disparate findings for the obese models 
in the simple predisruption vs. postdisruption (before–after) 
models (in Table 2) and the more detailed disruption-timing 
models (in Table 3). The before–after comparison in Table 2 
shows no significant differences in children’s BMI and related 
outcomes for before and after the disruption. However, that 
may be due to the child already having been affected in the two 
years leading up to the disruption, as evidenced by the positive 
and significant coefficient estimate on “0–2 years before the 
disruption” in Table 3 for the probability of being obese. This 
higher risk of obesity would be captured in the “predisruption” 
category for the before–after comparisons of Table 2, thus 
leading to an understatement of the estimated change after the 
disruption. This demonstrates the importance of establishing a 
baseline that is well before the disruption.
One potential weakness of this study is that the effects of the 
disruption process (from, say, the parental conflict) may have 
begun prior to 2 years before the disruption. This analysis does 
not have the statistical power to use an earlier baseline period. 
Another potential weakness of this analysis is that, because 
family disruptions cannot be randomized, these results do 
not necessarily represent how a random child’s weight would 
be affected by a divorce or separation. However, by compar-
ing children’s weight in one period to that in another period 
relative to the disruption, the results can be interpreted as the 
“average treatment effect for the treated,” or what we expect 
would happen to the average child who experiences a family 
disruption (42). Finally, this analysis just examines children 
table 3 Model B coefficient estimates in the fixed-effects models (based on equation (2)) for the effects of the timing of the 
observation relative to the disruption on the weight outcomes (n = 7,299)
BMI BMI percentile Whether overweight Whether obese
Timing of disruption
 2-or-more years before the disruption (reference group)
 0–2 years before the disruption 0.062 (0.194) −1.251 (1.778) −0.006 (0.026) 0.041b (0.018)
 0–2 years after the disruption 0.396 (0.249) 2.137 (2.155) 0.028 (0.032) 0.054b (0.024)
 2–6 years after the disruption 0.010 (0.277) −1.434 (2.409) 0.033 (0.036) 0.042* (0.026)
 6–12 years after the disruption 0.502 (0.324) 2.215 (2.795) 0.107b (0.045) 0.083a (0.030)
Age variables
 Age 5 (reference group)
 Age 6 0.564b (0.245) 5.38b (2.62) 0.076b (0.036) 0.010 (0.023)
 Age 7 0.947a (0.171) 4.01* (2.26) 0.027 (0.025) −0.002 (0.019)
 Age 8 2.004a (0.242) 10.55a (2.67) 0.134a (0.035) 0.021 (0.022)
 Age 9 2.548a (0.209) 9.55a (2.24) 0.071b (0.028) 0.021 (0.022)
 Age 10 3.831a (0.255) 14.51a (2.64) 0.145a (0.034) 0.045b (0.023)
 Age 11 4.273a (0.239) 13.18a (2.38) 0.105a (0.032) 0.020 (0.023)
 Age 12 5.592a (0.273) 17.00a (2.73) 0.158a (0.035) 0.054b (0.023)
 Age 13 6.049a (0.273) 15.55a (2.47) 0.086a (0.033) 0.050* (0.026)
 Age 14 7.022a (0.312) 18.52a (3.00) 0.181a (0.045) 0.042 (0.026)
 Intercept 15.186a (0.206) 46.54a (2.17) 0.140a (0.027) 0.056b (0.020)
a–cindicate statistical significance at the 1, 5, and 10% levels.
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who experience a family disruption and continue to live with 
their mother. Future research can address the issue of what 
happens when they live with their father after a disruption.
In the earlier conceptual framework, mechanisms were dis-
cussed for how a family disruption could lead to children’s 
weight gain and an increased risk of obesity. The higher risk of 
obesity following the divorce could be from more TV watch-
ing among children from divorced families (22), lower fam-
ily income (23), different parenting styles (7–9), or continued 
stressful events having an effect on children (26). But, the find-
ing that children are more likely to become obese in the few 
years leading up to the disruption suggests that the series of 
stressful events associated with the disruption process (26) 
could be leading to weight gain or that parental stress could be 
causing children’s weight gain independently (18) or through 
less authoritative parenting (7–9). Already being heavier, these 
children may then have relatively larger weight increases over 
time, as heavier youth tend to gain more than average weight 
over time (43,44). If it were parenting styles that mediate the 
relationship between the disruption process and the risk of 
obesity for children, this would suggest that programs such 
as the New Beginning Program (45), which helps improve the 
mother–child relationship and mothers’ discipline techniques 
after divorce, may be helpful after, and even before, divorces 
and separations occur. Future research should attempt to bet-
ter identify the mechanisms underlying the pattern that chil-
dren experiencing a family disruption have an increased risk 
of obesity in the years leading up to the disruption and after 
the disruption.
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